The choice for the arrangement of the UV lamps in a closed-conduit ultraviolet (CCUV) reactor significantly affects the performance. However, a systematic methodology for the optimal lamp arrangement within the chamber of the CCUV reactor is not well established in the literature. In this research work, we propose a viable systematic methodology for the lamp arrangement based on a genetic algorithm (GA). In addition, we analyze the impacts of the diameter, angle, and symmetry of the lamp arrangement on the reduction equivalent dose (RED). The results are compared based on the simulated RED values and evaluated using the computational fluid dynamics simulations software ANSYS FLUENT. The fluence rate was calculated using commercial software UVCalc3D, and the GA-based lamp arrangement optimization was achieved using MATLAB. The simulation results provide detailed information about the GA-based methodology for the lamp arrangement, the pathogen transport, and the simulated RED values. A significant increase in the RED values was achieved by using the GA-based lamp arrangement methodology. This increase in RED value was highest for the asymmetric lamp arrangement within the chamber of the CCUV reactor. These results demonstrate that the proposed GA-based methodology for symmetric and asymmetric lamp arrangement provides a viable technical solution to the design and optimization of the CCUV reactor.
INTRODUCTION
A water-disinfection UV reactor consists of a reaction vessel that contains a number of UV lamps. The UV lamps are protected from the water by the quartz sleeves surrounding them. The water enters the reactor and flows around the quartz sleeves. The pathogens present in the water travel through the reactor and are irradiated by the UV light. Microbial transport is simulated using the Lagrangian particle tracking method (Munoz et al. ) . UV intensity (fluence rate) depends on the relative positions of the particle and the UV lamps. The UV dose received by the pathogens depends on two factors: the trajectories through the reactor and the fluence rate.
The fluence rate is dependent on the positions of the UV lamps within the UV reactor. The lamp arrangement simultaneously affects the fluence rate distribution and the flow of the water within the UV reactor. Two lamp arrangements are commonly used: parallel to the reactor axis and perpendicular to the reactor axis. The parallel arrangement results in greater fluence rate, but the UV fluence rate is much lower at the two reactor ends and near the reactor outer wall. The perpendicular arrangement provides a more uniform UV fluence rate distribution within the radiation zone, but there is almost no UV radiation outside the radiation zone. Taghipour () examined six lamp arrangements in the UV reactor and found the performance is greatly dependent on the arrangement. In addition, Taghipour & Sozzi () compared the degradation of the organic material for two lamp arrangements and concluded the degradation to be dependent on the lamp arrangement within the cross-flow UV reactor. A major drawback seen in the studies (Taghipour ; Taghipour & Sozzi ) is the unavailability of a viable systematic methodology for determining the lamp arrangement.
Ray () classified the UV light sources into three types: external, distributive, and immersive. Because the immersive reactors have more output and are more common in industrial applications, we analyzed immersive reactors in this study. Xu et al. () found that the relationship between the UV reactor performance and its operating variables is complicated and cannot be modelled by simple correlation. Moreover, Xu et al. () conducted a performance analysis of lamp arrangement for an annular reactor on common basis. They found that different lamp arrangements have different fluence rate distributions and water flow profiles inside the reactors, affecting the reactor performance complexly.
Genetic algorithms (GAs) are a metaheuristic approach to generate useful solutions for complex problems (Renner & Ekárt ) . There are two predominant reasons for the use of GAs for lamp arrangement optimization. First, the objective function generally has multiple local extrema, whereas the aim is to search for the global extremum. These types of problems cannot be solved using classical approaches (e.g. gradient methods) because they only evaluate the local extrema. In such complex problems, GAs may offer solutions to the problems (Renner & Ekárt ) . Second, the objective function is discontinuous, nondifferentiable, stochastic, or highly nonlinear. Therefore, the use of GA methodology was requisite in the present study. Xu et al. () performed modeling and optimization of the UV reactor by using a GA-based model and an artificial neural network (ANN)-based model. They validated the results using computational fluid dynamics (CFD) and found the GA-based model to be better at prediction than the ANN-based model. They were more focused on the input variables and size of the UV reactor. Whereas the current research is more focused on lamp positioning optimization using GP.
To date, a viable systematic methodology for the arrangement of the lamps within the chamber of a crossflow closed-conduit UV (CCUV) reactor is not well defined in the literature and is at its initial stage of research. A viable systematic methodology based on a GA is proposed for lamp arrangement optimization in this research work. The objective function is the reduction equivalent dose (RED), and the goal is to achieve the optimum lamp arrangement for maximum RED of the CCUV reactor. Both symmetric and asymmetric lamp arrangements were considered for the performance optimization in this research work.
MATHEMATICAL MODELING OF A WATER-DISINFECTION CCUV REACTOR
A schematic diagram illustrating the sub-processes of the CCUV reactor is shown in Figure 1 . UV water disinfection can be represented by a combination of four sub-models: a flow model, a fluence rate model, a kinetic model, and a discrete phase model (DPM). To improve water disinfection, a detailed understanding of all these sub-models is important. 
Flow model
The flow through the reactor was modelled for turbulent settings on the basis of Reynolds number of 2:72 × 10 5 . The standard two-equation k-ε turbulent flow model is employed to simulate the fluid flow field through the UV reactor. This is a well-established two-equation model successfully employed for many engineering applications (Launder & Spalding ) . It utilizes the Reynolds-averaged Navier-Stokes (RANS) governing equations for conservation of mass and conservation of momentum in conjunction with a turbulence model at discrete locations within the physical domain.
Discrete phase model
The motion of a pathogen in the UV reactor is tracked by the DPM. The DPM equation is a combination of three forces: drag force, gravity force, and additional forces, such as in Equation (1):
Here, u and ρ are the water phase velocity and density, u p and ρ p are the pathogen velocity and density, F D is the drag force, and F x represents additional forces including pressure gradient, thermophoresis, rotating reference frame, Brownian motion, Saffman lift, and others (user defined). Further details about DPM and these parameters can be found elsewhere (Fluent ) .
The pathogens were injected at the inlet by defining an injection. The injection provides the information about the types of pathogens (inert, droplet, or combusting particle), the material of the pathogens, and the initial conditions. The initial conditions include the mass flow rate of the injected pathogens, the diameter of the pathogens, the number of injected pathogens, and the desired plane for the injection of the pathogens. The parameters used for the pathogens' injection in the DPM model are obtained from the literature (Munoz et al. ) and listed in Table 1 .
The individual pathogen trajectory is calculated by using the Lagrangian reference frame. The mass and the surface area of each pathogen are given at each step. Therefore, the solver can calculate the force balance applied to the pathogen at each pathogen step. The overall pathogen trajectory can be determined by adding the paths of all these individual steps.
To obtain more realistic physical results, the effect of turbulence dispersion on the pathogen was modeled using stochastic tracking. In ANSYS FLUENT, the stochastic tracking uses a discrete random walk (DRW) model for the turbulence dispersion (Chiu et al. ; Fluent ) .
Kinetic model
The kinetics of the UV disinfection are widely assumed for a first-order chemical reaction with respect to the UV dose (Watson ) . The typical UV response curve can be represented in two ways: a log survival curve and a log inactivation curve. Mathematically, the classical log-linear model form can be represented as follows:
where N 0 is pathogens influent, N is pathogens effluent, t is exposure time for UV, I is intensity of UV radiation, Dose is the dose of UV light, K is disinfection rate coefficient. Equation (2) represents the idealized conditions, based on the Chick-Watson law (Watson ).
Fluence rate model
The fluence rate field within the CCUV reactor was modelled using commercial software UVCalc3D, which is based on a multiple-segment source summation (MSSS) fluence-rate modeling approach. There are two reasons for the use of UVCalc3D: (i) the facility of multiple band modeling and (ii) UVCalc3D's status as the only fluence rate model that is verified experimentally (Li et al. ) . Therefore, the UV lamps employed in this research were MP lamps, and emission of the radiation from the UV lamps occurs in multiple peaks. Thus, the use of multiple banded modeling is imperative. In addition, the proposed GA methodology is equally applicable for a low pressure high output lamp.
The fluence modeling equation for the MSSS (UVCalc3D) model can be written as follows:
where P is the lamp power, N is the number of cylindrical segments, d 1 is the radial distance from a cylindrical segment to a lamp sleeve, d 2 is the air gap depth, d 3 is the distance of a point in the water medium, R 12 is the reflectivity of the air-quartz interface, R 23 is the reflectivity of the quartz-water interface, T w is the water transmissivity, and T q is the quartz sleeve transmissivity. The focus factor introduced by Liu et al. () can be represented as follows:
The focus factor accounts for the concentration of the UV light due to refraction; further details are given in the literature (Bolton ; Liu et al. ).
CFD ANALYSIS OF THE WATER-DISINFECTION UV REACTOR Computational domain of the CCUV reactor
The geometry of the reactor is shown in Figure 2 taken from the literature (Chen et al. ) . The diameter of the flow pipe was 0.320 m, and the direction of flow was along the x-axis. The orientation of the pipe was perpendicular to the axis of water flow. Four UV lamps were housed within a 0.039 mmdiameter quartz sleeve of the CCUV reactor. The computational domain ( Figure 2 ) with an unstructured grid was 3 m long, including the entrance, exit, and the upstream and downstream pipes of the reactor.
Computational model description
The geometric modeling was done using CATIA V5R20, the meshing was done using ANSYS ICEM CFD, the CFD analysis was done using ANSYS FLUENT, and the optimization was accomplished using MATLAB. The input parameters were adopted as previously described by Munoz et al. () . The components for modeling the simulation are given in the flow chart in Figure 3 .
The fluid in the reactor was water, and the effect of water heating by the lamps was neglected because the temperature increase was <10 W C. Hence, there were no viscosity change effects. The SIMPLE algorithm was used for pressure-velocity coupling. The UV fluence field simulations were calculated using the UVCalc3D model, commercial software by Bolton Photosciences. The UV lamp was a 1 kW medium-pressure mercury lamp arranged and oriented transverse to the flow. There were four lamps in each case. Each lamp was housed within a cylindrical quartz sleeve having an electrical output efficiency of 30% and an output spectrum equal to a typical MP lamp (Bolton ) . The pathogens inactivation kinetics and the dose along each pathogen track were calculated using a userdefined function (UDF). The movement of the pathogens within the reactor was tracked using the Lagrangian particle tracking approach (Ducoste et al. ) . The discretization of the convective term of the transport equation and the diffusion term were done using the second-order upwind scheme. The convergence criteria for the continuity, momentum, and turbulence equations for the normalized residuals were <10 À5 and for the fluence rate was <10 À6 .
Boundary conditions
The boundary conditions for the CCUV reactor were defined as follows. A fluid velocity of 0.85 m/s was specified at the inlet. The RANS standard k-ε equations require the effects of turbulent kinetic energy k and turbulence dissipation ε. These parameters are compulsory for the inlet boundary conditions to define the standard k-ε turbulence model. Approximations of turbulent kinetic energy and turbulent dissipation were evaluated using Equations (5) and (6) (Liu et al. ) .
where U inlet is the velocity at the inlet and D is the inlet pipe diameter of the CCUV reactor. The direction of the water flow was normal to the boundary. The computational domain was sufficient to ensure fully developed flow before entering into the chamber of the CCUV reactor. Furthermore, a UDF for the parabolic velocity profile was used at the inlet for fully developed flow. Pathogens were injected by defining an injection, and motion through the reactor was modelled using a Lagrangian approach. The injection defines the release conditions for the pathogens. This injection of pathogens was performed through file injection. The file was created using a FORTRAN code and providing injection parameters (pathogens diameter, mass flow rate, and number of pathogens to be injected). A fully developed flow (outflow) condition was ensured at the outlet. For the walls, a no-slip boundary condition and zero diffusive flux of the species were specified. The values for the multi-wavelength bands were based on the data provided by Bolton Photosciences Inc. (Bolton ) .
Genetic-algorithm lamp-arrangement methodology
GAs are evolutionary algorithms that imitate the basic properties and fundamental mechanisms of natural evolution. GAs are distinct from conventional gradient-based optimization methods: (i) gradient information is not necessary; only the fitness value is involved; and (ii) GA does not progress sequentially from one point to the next; rather, many new points are calculated through iteration. The GA convergence is managed by the parameters, such as population size (Ps), probability of crossover (Pc), and probability of mutation (Pm).
Problem formulation
The lamp arrangement optimization problem can be defined as determining the position of the UV lamps within the chamber of the CCUV reactor such that the RED of the CCUV reactor is maximized. RED is a dose quantity used for providing an indication of the biological effects of the UV dose delivery by a UV disinfection system (USEPA ). A CCUV reactor having higher RED values is better than one having lower RED values. The formulation of the lamp arrangement optimization problem is
where U ¼ objective function; d ¼ lamp positioning diameter; d 0 ¼ selected diameter for lamp arrangement; φ j ¼ angular position of each lamp; φ min , φ max ¼ minimum and maximum lamp arrangement angles; m ¼ number of lamps.
The objective function of the optimization problem is the RED of the CCUV reactor calculated using Equations (7) and (8). The lamp arrangement optimization problem is solved using a GA, which is one of the most efficient optimization algorithms. The design variable are the positions of the UV lamps.
The GA consists of the following steps:
Step 1: Random population of the design variables is generated. This population consists of different parents and each parent is composed of different design variables. The design variables are the position of the UV lamps in the CCUV reactor.
Step 2: The CFD analysis is performed to calculate the fitness or objective function value. The objective function of the problem is the maximum RED value. This value is checked for fitness evaluation.
Step 3: By using the CFD results, fitness evaluation is achieved. Convergence is checked, and if the problem is converged, the process is stopped. If not, then it will go to the next step. The convergence criteria is solving the problem to the maximum defined number of iterations.
Step 4: Selection: the parents are selected by tournament selection to generate a new population. The objective function value of two parents are calculated and compared. The parent with a high objective function value is selected and other one is discarded.
Step 5: Single point crossover will produce the cut line in the two parents and join the first part of the first parent to the second part of the second parent, and vice versa, to generate two offspring. A cut line is created between the two parents to join the first part of the first parent to the second part of the second parent, and vice versa, to generate two more populations called children. This is called single point cross over.
Step 6: Mutation changes the one or more design variables in the child. The solution may change completely from the previous solution in the mutation. Therefore, a better solution can be achieved by using mutation. The mutation probability defines how often the parts of the population will be mutated. The mutation probability should be set low. If the mutation probability value is set too high, the search will turn into a random search.
Step 7: A new population has been produced by the above process.
Step 8: Go to step 2 with the new population, and repeat the process until the convergence criteria is satisfied.
The flow chart for the lamp arrangement optimization process using the GA is shown in Figure 4 . The population of individuals is generated randomly. The fitness or objective function value of every individual in the population is evaluated. The fitness is the value of the objective function in the optimization problem. The fitness value is evaluated: if the fitness satisfies the convergence condition, the process is terminated; otherwise, it will continue for the next iteration. More individuals are selected from the current population and are mutated to form the new population. This new population is sent to evaluate the fitness by CFD analysis, and this fitness value is sent for assessment; this process continues until convergence is reached. The algorithm converges when the number of generations reaches the maximum number of iterations. 
RESULTS AND DISCUSSION
The impact of the lamp arrangement on the RED of the CCUV reactor was analyzed. The RED value is always determined by considering the target pathogen used, the ultraviolet transmittance (UVT), the flow rate, and the lamp status (USEPA ). The pathogens MS2 phage, 90% UVT (for 1 cm) of the water media, water flow velocity of 0.85 m/sec, and lamp power of 4 kW were kept constant for all the individuals. The best CCUV reactor is the one that achieves the highest RED value for a particular set of inputs. Therefore, keeping the input parameters constant provides a reasonable comparison basis among the reactors with the different lamp arrangements. All the lamps were identical, having lamp sleeve diameters of 39 mm and arc lengths of 477 mm, and the total electric power consumption was evenly shared among the CCUV reactors. The other dimensions of the CCUV reactor were kept constant, as shown in Figure 2 .
Grid independence test
A comprehensive grid independence study was performed to ensure the grid independence of the results. There were two objectives of the grid independence test. First, the converged solution was obtained based on the boundary conditions and the physics involved, and not because of the mesh used. Second, the number of cells employed in the computational domain was optimized. The value of interest was the average velocity at the reactor outlet, and the optimum number of cells for the domain was >14 million, as illustrated in Figure 5 .
Pathogen transport
The trajectories of pathogens were calculated by using a Lagrangian frame. The paths were calculated based on the particle force balance (drag force, gravitational force, and numerous other forces) integration. The pathogens were completely dispersed throughout the domain of the water. The pathogen-pathogen interactions were ignored, and the pathogens were considered to be spherical with their diameters provided. The velocity magnitude of the injected pathogen was not permitted to change after their collision with the boundary walls. The trajectory of each pathogen was calculated as it moved through the flow field.
For the fluent injection, a UDF was used to inject 3,000 particles at the inlet through file injection. The pathogens injection criteria to decide the number of particles for Lagrangian simulation were determined by Graham & Moyeed () and achieved by Munoz et al. () for the UV reactor. Considering similar criteria, we found that the number of pathogens required to obtain satisfactory results was >2,500. Therefore, 3,000 pathogens were injected through file injection at the inlet. The overall trajectory can be determined by using the DPM. Dispersion of particles due to turbulence in the flow was modelled by stochastic tracking using a DRW model (Chiu et al. ) . The pathogen-pathogen interactions and the effects of the pathogen volume on the fluid were negligible. The integral time scale is an important parameter of the DRW model, which defines the time consumed in the turbulent motion along the pathogen pathways. The value used for the integral time scale is the default value, as recommended in the literature (Munoz et al. ) . The pathogen trajectories are shown in Figure 6 , and the color coding used indicates the UV fluence rate. The trajectories of 100 pathogens are shown to provide good visualization. For the sake of better visualization, few pathogen tracks are shown in the bottom view of Figure 6 .
Reduction equivalent dose
The UV dose can be described in two ways: average dose and RED. The concept of average dose cannot be employed for water disinfection because it can deviate from the final goal. Some of the treated pathogens can receive higher doses and others can receive lower doses. This can lead to erroneous results. Therefore, the concept of RED was employed. It predicts the minimum value of the dose that will be received by the pathogens. Hence, it ensures the targeted log reduction value throughout the water domain. RED is an indicator that shows the biological effects produced by the UV reactor. RED is usually measured using bio-dosimetry, a procedure that involves measurement of the inactivation of a challenge pathogen after exposure to UV light in the UV reactor and a comparison of the results to the known UV dose-response curve (USEPA ). RED value is always determined by considering factors like target pathogen used, UVT, flow rate, and lamp status. In this work, the UV dose was calculated in a semi-empirical way by using the following UV dose-response equation (USEPA ).
A and B are the fitting coefficient for MS2 phage (USEPA ). The cumulative dose was calculated along each particle track, as shown in Figure 6 , by using the in-house MATLAB code.
To analyze the effects of lamp arrangement on the performance of the water-disinfection CCUV reactor, both symmetric and asymmetric lamp arrangements within the chamber of CCUV reactor were considered.
OPTIMIZATION OF THE LAMP ARRANGEMENT Symmetric lamp arrangement based on literature findings
Case study 1 -Effects of lamp arrangement diameter
The CCUV reactor used for the simulation is shown in Figure 2 ; it has a chamber diameter of 320 mm. To determine the optimum diameter for the lamp arrangement within the chamber of the reactor, the lamps were positioned at several diameters, as shown in Figure 7 . These were developed by selecting a plane at the mid-span of the CCUV reactor. The fluence rate within the CCUV reactor was modeled by using UVCalc3D. The local intensity values were calculated under the assumption of 20-band MP mercury lamps with total output power of 4 kW over an arc length of 477 mm. The calculated fluence rate within the UV chamber varied abruptly, as shown in Figure 7 . The fluence rate was high within the vicinity of the lamps and greatly decreased with increasing distance from the lamps.
To find the optimum diameter of the lamp arrangement circle, the lamps were positioned at diameters of 260, 230, 200, 170, 140, 110 , and 90 mm within the chamber of the CCUV reactor. The deciding factor for the optimum diameter of the lamp arrangement was the maximum RED. Figure 8 provides further insight for the lamp arrangement circle. The graph shows that there is an optimum diameter for the lamp arrangement circle. Here, the optimum diameter of the lamp arrangement circle was 170 mm. This will be called the optimum lamps circle from now on in this discussion. After analyzing Figure 8 , we can predict that the optimum lamps circle lies within the following range:
where D c is the diameter of the chamber of the CCUV reactor, which was 320 mm for the reactor under study. It was found that there is an optimum diameter of lamps circle, obtained using Equation (10), for optimized performance. This value should be determined for the optimized performance of the CCUV reactor. There was a 65% difference between the maximum and minimum RED values. This percentage difference in RED values can be explained by the statement by Qualls & Johnson () that closer proximity of the lamps to the walls and with each other results in a loss of UV dose. This percentage difference shows that determining the optimum diameter of the lamp arrangement is beneficial and should be part of CCUV reactor design and optimization.
Case study 2 -Effects of lamp arrangement angle
To analyze the effects of the lamp arrangement angle on the reactor performance, the angle was changed from 0 to 75 degrees in steps of 15 degrees. Figure 9 shows the UV fluence rate contours for different lamp arrangement angles.
As Figure 10 shows, there is an optimum lamp arrangement angle. It is 45 degrees for the CCUV reactor under study. Ray () experimentally investigated a multiple hollow-tube reactor based on semiconductor photo catalysis, and described the existence of an optimal value for the incident angle of light that results in a radiation profile that is more evenly distributed and, thus, uniform catalyst activation. The current work focuses on the optimal value of the lamp arrangement angle that yields the highest RED value for the CCUV reactor.
To further investigate the reason that the optimum RED value is at 45 degrees, the average UV fluence rate (UV-AFR) received by the pathogens was evaluated at each angular position. These observations are plotted in Figure 11 (a), which shows that the UV-AFR received by the pathogen is optimum at 45 degrees. Moreover, the average residence time (ART) of the pathogens was calculated, as shown in Figure 11(b) . Although the effect of ART is very low, the effect of UV-AFR is significant because a higher value of received UV-AFR and a greater ART at 45 degrees result in the optimum RED value. Xu et al. () stated that a good reactor should have high UV-AFR. Therefore, the lamp position angle of 45 degrees is best because it results in the highest UV-AFR. The lamp arrangement angle causes less than a 5% difference between the lowest and highest RED values. This analysis shows that an optimum lamp arrangement angle exists, and it should be considered for the design and optimization of the water-disinfection CCUV reactor. 
Asymmetric lamp arrangement using genetic algorithm
As noted earlier, RED is greatly influenced by lamp arrangement and so cannot be ignored. To further investigate the effects of lamp arrangement, asymmetric lamp positions were also considered for analysis. Due to the large number of possible lamp arrangements, the problem was solved by using GA. We considered asymmetric lamp arrangement in two categories: (i) lying on the optimum lamps circle and (ii) lying on two circles within the optimum UV fluence zone. Case study 3 -Effects of asymmetric lamp arrangement lying on the optimum lamps circle Figure 8 shows the optimum lamps circle. To further investigate the effects of asymmetric lamp arrangement on the performance of the CCUV reactor, the position of the UV lamps were defined on the optimum lamps circle (170 mm) at 24 points. Each point was located at a difference of 15 degrees from the previous point, thus dividing the optimum lamps circle into 24 equiangular points, as shown in Figure 12 . These 24 lamp positions are the design variables for the GA. One design variable was selected from each quadrant. There were four asymmetric lamp positions in each individual, which were determined using the GA-based lamp arrangement methodology, as shown in Figure 4 . The total population generated was quite large. The total possible population is 1,290 for asymmetric case, but we set a maximum number of 20 iterations as convergence criteria. Figure 13 shows the UV fluence rate contour of the 20 individuals, which were determined using the GA-based lamp arrangement methodology. The brief GA steps applied to this case study are as follows:
Step 1: The population was generated by selecting the one design variable from each quadrant. Few population are given below.
Step 2: The objective function value of parents are calculated by using the CFD analysis.
Step 3: The convergence criteria is set as solving the problem for a total of 20 iterations.
Step 4: The objective function value of the parents 1 and 2 and parents 3 and 4 are compared. The parent with the maximum objective function value in each pair is selected and others are discarded.
Step 5: Each parent is cut in the middle and the first part of each parent is combined with the second part of other parent in order to produce child. This is called crossover. Two new populations have been generated in this way.
Step 6: Sometimes, anyone of the design variable in the population is replaced with any other design variable in mutation. But this mutation probability is 
Design variables
Parent 1 1 8 14 21
Parent 2 1 7 13 23 P a r e n t 3 2 1 0 1 5 2 2 P a r e n t 4 2 1 1 1 7 2 0 seldom selected in order to avoid the random search. We have changed the design variable 8 with 12 in child 1.
Steps 7 and 8: A new population is created by the above steps and the process is repeated until the convergence is achieved. Figure 14 shows that the asymmetric lamp arrangement significantly affects the CCUV reactor performance. This impact on performance, for both the angles and the diameters, is even greater with asymmetric than with symmetric lamp arrangement. Therefore, asymmetric lamp arrangements lying on the optimum lamps circle are better than symmetric ones, providing better UV dose delivery to the pathogens. Figure 15 shows that lamp positions play an important role in the UV-AFR received and the ART of the pathogens. Again, the UV-AFR plays a noteworthy role in increasing RED values. Individuals having higher UV-AFR and more ART have higher RED values. As recommended by Xu et al. (), a better reactor is one that delivers higher UV-AFR to the pathogens.
Case study 4 -Effects of asymmetric lamp arrangement lying on two lamps circles To further analyze the effects of lamp arrangement on the performance of the CCUV reactor, two lamp arrangement circles were chosen within the chamber of the CCUV reactor. The optimum lamps position is at the peak of the curve shown in Figure 8 , so the two circles were positioned in that region.
The lamp arrangement circles had diameters of 160 and 180 mm, and the lamps had diameters of 39 mm, so the lamps were positioned within the peak region (the optimum UV zone). The lamp arrangement points were 30 degrees apart on the larger lamp arrangement circle (180 mm) and 45 degrees apart on the smaller lamp arrangement circle (160 mm), as shown in Figure 16 . The positions of the lamps on the circle are the design variables for GA. The total possible population generated is 625 and 100 iterations are selected as convergence criteria. Each individual in the population consists of four design variables (four lamp positions) and one design variable is selected from each quadrant. Then, using the GA-based lamp arrangement methodology, shown in
Child 1 1 12 15 22
Child 2 2 10 14 21
Figure 14 | Simulated RED values vs. generation in case study 3. Figure 4 , the case study is solved. The brief GA steps are described here.
Step 1: Population generation: few populations are shown here.
Step 2: Calculation of objective function value by using the CFD analysis.
Step 3: Convergence criteria: 100 iterations for convergence.
Step 4: Selection: the comparison between objective function value of the pair of parents is made and the parent with higher objective function value is selected and others are discarded.
Step 5: Crossover: the child is produced by crossover between parents.
Step 6: Mutation is done to get the better solution.
Steps 7 and 8: The above steps produce new population and process is continued until convergence. Figure 17 shows that the lamp arrangement on the two circles in the optimum performance zone, although the simulated RED of many individual results in very low values. The probable cause of the low RED value predicted for a number of individuals is the short circuiting (short UV exposure time and low UV fluence rate). A few individuals (17, 33, 41, and 98) have higher RED values. A rule of thumb for the lamp arrangement is that lamps should be neither closely packed together nor far apart, either of which results in a loss of UV dose.
Comparison of symmetric and asymmetric case studies
For a visual comparison of the case studies in this research work, the REDs of the symmetric and asymmetric cases are 
Design variables
Parent 1 2 5 9 11
Parent 2 1 4 8 10 P a r e n t 3 1 3 1 5 1 8 1 2
Parent 4 1 5 7 20
Design variables Obj. function value P a r e n t1 2 5 9 1 1 95.786 P a r e n t2 represented in the bar chart in Figure 18 , including the minimum and maximum predicted RED values for each case study. Figure 18 shows several significant outcomes of this research work. The case study scenarios significantly affect the performance optimization of the CCUV reactor. The minimum doses predicted for the case studies are almost the same, except for case study 2 for which case study 1 provided a starting point for further optimization. The highest RED value is predicted for case study 3, followed by case study 4, then case study 2, and finally case study 1 with the lowest RED value. The differences in evaluated RED values for these cases are explained in the discussion section. 
